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EXECUTIVE SUMMARY
Impact sounding has been recognized as an effective technique to detect delamination in
concrete structures, such as concrete decks. An enormous amount of sounding data can be
generated/collected by the autonomous inspection systems equipped with impactors and
microphones. However, the main challenge in the practical application of this technology is the
development of advanced data analysis approaches for identifying defects from impact sounding
data. In this study, the empirical mode decomposition (EMD) analysis and power-spectral density
(PSD) analysis are combined to extract useful features of sounding data generated by the impact
hammer. It has been found that the EMD method can effectively eliminate noise from the
captured data during the identification of features such as the fundamental frequency. Based on
extracted features, a defect contour of the inspected structure can be generated for fast decision
making and reliable inspection ratings of concrete structures. Recommendations were also
provided for installation of mechanical impact sounding systems and electronic sounding devices
on robotic platforms.
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1. DESCRIPTION OF THE PROBLEM

Impact sounding has been proven to be more effective than the ground penetrating radar (GPR)
to detect delamination in concrete structures, and cable ducts and anchorages (Scott et al. 2003,
Hurlebaus et al. 2017). Fig. 1 and Fig. 2 show the current practice of impact sounding for
delamination detection in concrete slabs. In Fig. 1, engineers sweep the steel chain on the slab
or impact the slab using hammers. During the sounding operation, engineers are trained to
distinguish the sounding generated by the chain or hammers from the solid and delamination
areas. The detected delamination areas are usually marked using chalks. Fig. 2 shows an example
of the damage detection contour of a slab by impact sounding, which provides a direct
assessment of the damage condition of the whole slab.

Fig. 1. The typical practice of impact sounding.

Fig. 2. Damage contour of the concrete deck by impact sounding.

An enormous amount of sounding data can be generated/collected by the autonomous
inspection systems equipped with impactors and microphones. However, the main challenge in
the practical application of this technology is the development of advanced analysis approaches
for impact sounding data that can be used for identifying defects. For example, methods such as
power spectral density analysis, evolutionary neural network, principal component analysis, and
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time-domain features analysis have been used by researchers in assessing the bonding integrity
of the tile–walls (Tong et al. 2006a, Tong et al. 2006b, Tong et al. 2008, Luk et al. 2010 and 2011).
Their work has shown the effectiveness of impact sounding approach in detecting bonding
integrity of tile walls. In their studies, the effects of noise have been recognized as the main issue
that affected the quality of the results. Compared with tile walls, the surface of the concrete
bridge deck is considered to be rougher or more irregular, which could cause more noise when
impact sounding is used (Popovics 2010).
In the literature, Popovics (2010) proposed a cart equipped with hammers and microphones (Fig.
3) to make the impact sounding process more mechanical. In Fig. 3, the hammers were
mechanically controlled to impact the slab and vocal microphones were used to record the
sounding data for analysis. Fig. 4 shows the field test results by Popovics (2010) based on
frequency analysis using the power-spectral density (PSD) method, where the delamination areas
were well detected. However, it should be noted that these results were generated without
moving the cart to avoid scratch noise between the hammer and the concrete slab. Recently, Sun
et al. (2018) proposed a new type of ball chain to reduce the noise from the conventional chain
dragging in concrete delamination detection. As shown in Fig. 5, the proposed ball chains were
attached to a cart and can be used to scan the slab surface and generate scratch sounding, which
was collected using micro-electromechanical systems (MEMS) microphones for further data
analysis using short-time Fourier transform (STFT). Their studies showed that this type of ball
chains has a smoother surface than the traditional steel chains, and will generate much less lowfrequency noises (less than 5 kHz) during the impact sounding detection. However, chain
dragging devices are mainly used for scanning the top surface of the bridge decks, which have
limited applications for inspecting other concrete structures, such as columns, beams, and the
bottom surface of the deck.

Fig. 3. A conceptual full-lane scanning device for impact sounding. (Popovics 2010)
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Fig. 4. Damage contour results of the concrete deck using the scanning device by Popovics (2010).

Fig. 5. Acoustic scanning device by Sun et al. (2018).

The recent National Cooperative Highway Research Program (NCHRP) report 848 (Hurlebaus et
al. 2017) has shown that impact sounding is the most effective method among several NonDestructive Evaluation (NDE) methods for detecting voids in cable ducts and anchorages,
especially due to its low cost and high accuracy. As shown in Fig. 6, the most common device for
impact sounding could be simply a steel hammer or even a coin. Overall, hammer sounding has
been recognized as a more versatile way to detect local delamination in a variety of concrete
structures, while the noise issues associated with hammer sounding have not been well resolved
(Popovics 2010).
In this research, several data analysis algorithms were developed and combined to extract useful
signals from hammer sounding data for defect detection on an engineered concrete slab, such as
empirical mode deposition (EMD) and PSD methods. It is found that the EMD method can
effectively eliminate the noise from the captured data during the identification of features, such
as the fundamental frequency. The extracted fundamental frequencies from the hammer
sounding data are found to be able to detect different defects in concrete structures, such as
shallow delamination, honeycomb, and void. Additionally, a preliminary study has shown that
Hilbert Marginal Spectrum (HMS) is able to provide more reliable feature extraction from
sounding data in the frequency domain than the traditional PSD results.
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Fig. 6. Survey of the effectiveness of NDE methods for detecting voids in cable ducts and anchorages.
(NCHRP 848).

2. APPROACH
Algorithm Development
In the current literature, a majority of data analysis approaches related to impact sounding are
based on fundamental frequency or PSD analysis. Therefore, computer programs have been
developed in Matlab/Python for these methods to extract frequency features of impact sounding
data. In the first phase of our study, we used the PSD vector as the feature and support vector
machine (SVM) as the classifier. In addition, we have developed a computer program for the EMD
approach, which was found to be able to remove the noise effectively and also extract the
temporal features of the signal. We have validated these methods using labeled impact sounding
data from Tong, F. et al (2008) at Xiamen University in China, including 1,200 cases. For example,
Fig. 7 shows three examples of impact sounding data from three different areas: solid, void, and
rough. The “rough” case means the impact occurred on the fluctuation part between the two
tiles. In Fig. 7, the solid sounding data shows very different frequency distribution patterns (PSD)
from the void sounding data, where the solid data had a high spike that occurred from 8-10 kHz
(hammer ringing), while the void data had multiple peaks between 0-8 kHz (slab vibration). It is
also noted that the rough data had similar frequency patterns as that for void data, which caused
challenges for distinguishing the void cases from rough cases.
To perform the classification task among the three different sounding classes, we developed
algorithms for principal component analysis (PCA), which is commonly used to reduce the
number of features considerably and speed up the training for classifications. In this study, we
applied the PCA method on the PSD vectors of the sounding data. As shown in Fig. 8, first the
algorithm identifies the hyperplane (C1) that fits closest to the data, and then projects the data
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(PSD vectors) onto it. By doing this, the project data on the hyperplane C1 have the largest
variance among the dataset, which is helpful to further classifications. The second axis (C2) is
orthogonal to C1 and has the second-largest variance. The 1 st/2nd principal components are
defined as the projection of the PSD vectors onto the C1 and C2 axis. Fig. 9 shows the clustering
results of the 1st/2nd principal component (PC1/PC2) of PSD vectors based on 300 sounding data
points. As seen from Fig. 9, the three classes were well separated by using the PC1 and PC2.

Fig. 7. Impact sounding data. (Source: Tong et al. 2010).

Fig. 8. Illustration of principal component analysis (PCA).
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Fig. 9. Clustering of 1st/2nd principal component of PSD vectors.

Based on the features from PCA, we further developed the support vector machine (SVM)
algorithms for classifications. An SVM model is a representation of the examples as points in
space mapped such that the examples of the separate categories are divided by a clear gap as
wide as possible. New examples are then mapped into that same space and predicted to belong
to a category based on which side of the gap they fall. In Fig. 10, line H 1 does not separate the
classes; H2 does, but only with a small margin; H3 separates them with the maximum margin,
which is the goal of our classification.

Fig. 10. Illustration of support vector machine (SVM)

In this study, we used stochastic gradient descent (SGD) as the optimization method in the SVM.
Using PC1 and PC2 as the feature, Fig. 11 shows the classification results in the form of a
confusion matrix showing the detection results of void areas. In Fig. 11, each row of the table
represents an actual class, while each column represents a predicted class. For example, in the
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first row, 591 non-void classes are correctly classified as non-void, i.e., true negative (TN), while
one non-void case was wrongly classified as void, i.e., false positive (FP). The precision and recall
were calculated to be 99.7% and 98.1%, respectively, which showed a good level of accuracy of
the developed algorithms with selected features.

Fig. 11. Confusion matrix results using the SVM method.

As mentioned before, the noises are the main challenges in the impact sounding data analysis. In
Fig. 12, the original sounding data was added with traffic noises. After performing the PCA on the
noisy data, the clustering plot in Fig. 12 shows more overlapping and interference among the
three classes. The results shown in Fig. 12 implied that PCA is not robust to the traffic noise.
Hence, we developed the EMD method to filter out the unwanted noises and improve the
reliability of the detection.
EMD is an adaptive data analysis tool that is commonly used to break down any complicated
signal set into several simple intrinsic modes of oscillations and a residue signal, which usually
pertain to different vibration modes and different physical meanings. In Eq. (1), X(t) is the original
data, ci (t) is the intrinsic mode functions (IMF), and rn (t) is the residue (monotonic).
n

X (t )   ci (t )  rn (t )

(1)

i 1
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Fig. 12. Effects of traffic noise on the clustering results.

As shown in Fig. 13, each of the IMFs was obtained by the sifting process, in which the upper and
lower envelopes of the original data were first obtained (green lines) and the mean value of these
two envelopes was calculated (red line), then the first IMF is obtained by subtracting the mean
value from the original data. This process was repeated to generate several IMFs until the residue
signal becomes a monotonic function, from which no more IMF can be extracted. Each of the
obtained IMFs had an important feature that, at any point, the mean value of the envelope
defined by the local maxima and the envelope defined by the local minima is zero.
To illustrate the filtering effect from the EMD method, Fig. 14 shows an example of noisy hammer
sounding data that was decomposed by the EMD method. Based on the EMD analysis, the
extracted first IMF was found to be the actual hammer sounding, and the summation of other
IMFs and the residue were found to be the added traffic noise. The comparison between the
IMF1 and the sounding signal is shown in Fig. 14, where the vibration of the IMF1 matched the
original sounding signal very well. On the other hand, the vibration of other IMFs was found to
match the added noises fairly well. The results shown in Fig. 14 implied that the developed EMD
algorithms can be used as a powerful adaptive filtering method for analyzing complex and noisy
impact sounding data for delamination detection.
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Fig. 13. Illustration of empirical mode decomposition (EMD).

Fig. 14. Filtering effect of EMD.
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3. METHODOLOGY
Laboratory Testing
After developing the advanced data analysis algorithms, laboratory testing at the City College of
New York, CUNY was conducted to further validate the developed algorithms for damage
detection. Fig. 15 shows the setup of sounding excitation and data acquisition systems. Three
different sounding sources have been tested to excite the surface of a structure, such as the
bridge deck. In this case, the concrete slab is a strong floor slab with 1½ inch holes at 12-inch
intervals along the width and length of the floor. These holes have been filled with foam to create
the presence of delamination or damaged concrete. The three sound tools used are: a traditional
hammer, a vibration speaker, and a robotic crawler. For the data acquisition, a common vocal
microphone together with a USB-port sound card connected to a laptop enabled the recording
of the signal during the test.

Fig. 15. Setup of impact sounding of a concrete slab.

The acquired sounding data can be shown or analyzed in either time domain or frequency
domain. Fig. 16 shows two examples of the data generated by impacting the concrete floor with
a hammer at both solid and defective (holes with foam) locations. In the time domain, the
sounding data is represented in a waveform. In the frequency domain, however, the PSD shows
the contributions of energy from different frequency bands. In Fig. 16, it is observed that the
hammer’s ringing is located around 6 kHz, while the slab’s vibration lies in the range of 0-5 kHz.
Under the impact excitation, the damaged location of the slab generates more energy in the lowfrequency range than the solid location of the slab, as shown in Fig. 2. Thus, the distribution of
the PSD curve can serve as a good indicator of defects in concrete slabs.
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The dimension (number of data points in a dataset) of these PSD features is usually large and is
difficult to be visualized for a large dataset. In this project, PCA has been performed to extract
the first and second principal components from the PSD vectors. Fig. 17 shows the clustering of
hammer sounding cases at the base of the first two principal components. It is clear that the
defect cases and solid cases are well separated and the defects can be clearly classified using the
developed machine learning algorithms, such as SVM.

Fig. 16. Sounding data in the time/frequency domain.

Fig. 17. Clustering of the first two principal components of hammer sounding data.
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Fig. 18. Results from chirp sounding excitation: (a) time history of chirp signals; (b) clustering results.

Besides mechanical impact, electric chirp sounding emitted by a vibration speaker shown in Fig.
15 was also used to excite the slab. The chirp signal was designed with its frequency increasing
with time, covering the 0~10 kHz frequency band of the slab. Fig. 18 shows the time history of
the chirp sounding and clustering results. It can be seen from Fig. 18(b) that the defect cases were
well separated from the solid cases, which demonstrates that the impact hammer can be
replaced by an electronic-sounding source, such as a vibration speaker. The results in Fig. 18(b)
also show the robustness of the developed data analysis approach. It should be noted that using
chirp sounding is much less labor-intensive than the mechanical impact process, which could be
integrated into robotic platforms, like an Unmanned Aerial Vehicle (UAV), to perform inspections.
To better evaluate the damage condition of the concrete slab, Hilbert-Huang transform (HHT)
was used to capture the instantaneous energy contributed from different frequency bands of the
chirp sounding signal. Since defect areas were observed to vibrate more in the low-frequency
band, a defect ratio was defined as the energy from a band of 0 to 2.5 kHz (low) divided by the
energy from the whole frequency range of the signal. A contour of the defect ratio from the
concrete slab using chirp sounding is shown in Fig. 19, where the embedded defects were all well
detected and highlighted in a scale of severity of the defects, where 0 represents no damage and
1 represents severe damage. In this plot, areas covered in black are solid and those in lighter
colors from light red to yellow indicate damaged locations. Here, regions marked in yellow are
holes filled with lighter material, such as foam, whereas other regions marked by lighter red or
other colors (except for black) represent holes filled with more solid type materials. The damage
contour is deemed very useful for fast bridge deck inspections and decision making.
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Fig. 19. The contour of the defect ratio of the concrete slab.

Fig. 20 shows the wall climbing crawler that can be used as a sounding source. The crawler makes
a significant amount of noise, which could be used as a sounding source for the detection of
delamination. During preliminary investigation using the crawler, a change in the frequency
content of the sound signal was detected and captured near the damaged area. On-going work
is conducted to determine the feasibility of this approach combined with advanced data analysis
method, and more results will be presented in the report of the next phase.

Fig. 20. Noise from the crawler.
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Field Testing of Impact Sounding
Hammer Sounding
In order to collect test data to develop/verify signal processing tools, a concrete slab with known
engineered defects at the Turner Fairbanks Highway Research Center of the Federal Highway
Administration (FHWA) has been tested. Fig. 21 shows the layout of the slab. The dimension of
the slab is 40 inches by 120 inches with a thickness of 8 inches. The slab in Fig. 21 shows four
different artificial defects that were designed and embedded in the concrete slab: 1) shallow
delamination, 2) honeycomb, 3) void, and 4) deep delamination. The delaminations were
simulated by plexiglass sheets, which were placed at a depth of 2.5 and 6 inches. The honeycomb
was created using loose aggregates and the void defects were built using styrofoam boards.
Detailed information about the construction of the slab with defects can be found in Lin et al.
(2018).

Fig. 21. Design of the concrete slab with engineered defects.

Fig. 22(a) shows the setup of sounding excitation and data acquisition systems. A conventional
hammer was used as the sounding source to excite the surface of the concrete slab. For the data
acquisition, a common vocal microphone together with a USB-port sound card connected to a
laptop enabled the recording of the signal during the test. The microphone was shielded with a
foam cup, which helped insulate the ambient noise and direct the sounding waves to the
microphone. The general mechanisms of defect detection using hammer sounding are illustrated
in Fig. 22(b), where the sounding waves transmitted from the hammer impact were reflected by
the defects and collected by the vocal microphone for further data analysis.
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Fig. 22. Test setup: (a) sounding instruments; (b) acoustic sounding mechanism

Frequency Spectrum Analysis

Fig. 23. Fourier spectra of hammer sounding for 5 different defect conditions: (a) no delamination; (b)
shallow delamination; (c) honeycomb; (d) void; (e) deep delamination

Fig. 23 compares the typical Fourier spectra of hammer sounding data from five different defect
conditions. In Fig. 23, the signal for no delamination case of Fig. 23(a) shows two sharp spikes in
a relative high-frequency range (larger than 4 kHz), while the frequency distributions of signals
from the defect zone are relatively flat and mainly located in the low-frequency range, less than
4 kHz. Each of the five cases have multiple peaks in the extremely low-frequency range of less
than 2.5 kHz, which represents the mixing of noises and flexural mode signals of the slab. Since
the sounding features in low frequency are usually correlated with defects, it is important to filter
out the unnecessary noise effects and keep the useful signals for further analysis.
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Empirical Mode Decomposition of Hammer Sounding Data
In this study, the EMD method was used to remove the noise from the sounding signals by
decomposing the original sounding signal into several IMFs, which build a nearly orthogonal basis
for the original data. Fig. 24 shows the Fourier spectra of decomposed hammer sounding signals
using the EMD method. In Fig. 24(a), it can be seen that the low-frequency noises with high
amplitude were removed from the original signal and the useful impact sounding signal was well
represented in IMF1. The filtered noises were also shown in IMF2 and IMF3. Signals from other
defect areas demonstrate similar filtering effects by EMD in Fig. 24(b) to Fig. 24(e). By comparing
the PSD distributions of IMF1 for different signals, the no-delamination data show much smaller
amplitudes in the low-frequency range than those for signals from areas with defects. The
difference between deep delamination and no-delamination is relatively small compared with
other artificial defects. This observation shows that hammer sounding might be less effective in
detecting delamination as the damage develops in a deeper location.
It is observed from Fig. 24 that the fundamental frequencies of hammer sounding data mostly
show the flexural mode of vibration, which is different from the thickness mode normally
observed in the impact echo (IE) signals with a fundamental frequency around 20 kHz. This is
because the width-to-depth ratios of the embedded defects are larger than one, which usually
leads to the flexural modes (Kee and Gucunski 2016 and Lin et al. 2018). These artificial defects
were closely placed near the edge of the slab, which may cause flexural modes in the nodelamination regions.
After extracting sounding signals (IMF1) using the EMD method, the distribution of PSD (energy)
was used as the feature to detect the four artificial defects in the concrete slab. Similar to the
defect ratio defined earlier for a frequency band of 0 to 2.5 kHz, the term “Damage Index” is
defined as the ratio of the energy from a band of 2.5 to 4 kHz to the energy from the whole
frequency range of the signal. This term was used to obtain the defect contour as shown in Fig.
25. The Damage Index scale varies from 0 to 1, where 0 represents no damage and 1 represents
severe damage. It is observed that the defects corresponding to shallow delamination,
honeycombs, and voids are well detected and are highlighted. In the plot, actual locations of
embedded defects are marked by red rectangles. A threshold damage contour is shown in Fig.
26, where the detected damage area matches the defect location reasonably well. Some
mismatching was observed at the boundary of the defects, which may be due to the movement
of the defects during the casting of the concrete. Further studies are being conducted to improve
the detection accuracies by implementing deep learning algorithms with more features from the
impact sounding data.
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Fig. 24. Empirical mode decomposition on hammer sounding data: (a) no delamination; (b) shallow
delamination; (c) honeycomb; (d) void; (e) deep delamination.

Fig. 25. Damage contour of the slab based on the dominant frequency of hammer sounding data.

During the testing, two types of hammers were used to excite the concrete slab, one with a
wooden handle for the northern half of the slab and another with a plastic handle for the
southern half of the slab. Based on the testing results in Fig. 26, the plastic-handle seems to
generate better detection results than that from the wood handle. This is because the plastic
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handle appeared to be able to dampen out a significant amount of vibration in the handle itself
so sounding data could have less noise than those from a wooden handle. This important
observation could guide the impactor design installed on a robotic crawler platform in the next
phase of this study, with a focus of good damping on the vibration of the impactor itself.
Moreover, the hammerhead used in this study had a diameter of 20 mm. Hammers with a smaller
head could induce sounding signals with higher frequencies, which could lead to better detection
results, especially for deep delamination. Preliminary results using a smaller steel ball will be
presented later in this report.

Fig. 26. Damage contour of the slab after thresholding.

Chirp Sounding
As mentioned previously, it is generally difficult to control the amplitude of hammer sounding,
which could affect the detection results. Therefore, as shown in Fig. 27, a vibration speaker was
used to shoot an electronic chirp sound onto the concrete slab as an excitation and the reflected
sounding waves were recorded by a vocal microphone shielded with a foam cup.
Fig. 28 shows the source chirp sounding data and the collected sounding data. In order to remove
the phase in the signal, cross-correlation was performed between the source sounding and
collected sounding data. Based on the frequency spectrum analysis, the signal was found to be
well enhanced by the correlation and the noise was well depressed. As shown in Fig. 28, the
correlation signal versus lag was found very similar to the waveform of hammer sounding, but
the level of the noise was found to be much lower than that from the hammer sounding tested
earlier.
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Fig. 27. Chirp sounding test setup on the concrete slab

Fig. 28. Illustration of cross-correlation of chirp sounding data.

The EMD and HHT methods have been applied to decompose the chirp sounding correlation
signal into multiple intrinsic mode functions (IMFs) in the time domain and extract the
instantaneous frequency data. Based on the HHT spectrum shown in Fig. 29, the dominant
frequency of the solid area was found to be located around the 6-7 kHz band. However, the
dominant frequency of the delamination area was found to be located around 2-3 kHz band. The
difference in the frequency band for the solid area and delamination area is consistent with the
observations from hammer sounding results.
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Fig. 29. HHT spectrum of cross-correlation data (instantaneous energy contour).

Fig. 30 shows the HHT spectrum of sounding data collected from solid areas, where mixed
vibration modes have been observed dominating at both high-frequency band (6-7 kHz) and lowfrequency band (2-3 kHz). The low-frequency components in the solid data implied that the
sounding signals were potentially disrupted by the noise. Hence, the EMD method was used to
filter out the low-frequency components from the chirp sounding signal as shown in Fig. 30,
where the signal of IMF1 was found to be correlated with the vibration of the slab and used for
further damage detection analysis. The filtering effect of the EMD method was found to be
consistent with the previous studies on the hammer sounding.

Fig. 30. Filtering effect of EMD method.

To evaluate the severity of the defects, the ratio of the instantaneous energy from the lowfrequency range (0 kHz to 4 kHz) of IMF1 to that of the high-frequency range (4 kHz to 10 kHz)
has been used as the feature to determine defect areas in the concrete slab. As shown in Fig. 31,
the defect areas were well detected by using the data analysis algorithms. It should be noted that
damage signals were collected from the northern half than that of the southern half. This is due
to the speaker being pressed much harder to the slab when testing the southern half than that
of the northern half. This observation shows the importance of good coupling between the
sounding source and the detection area, which could guide future work on improving the
performance of the electronic-sounding tools for damage detection.
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Fig. 31. Damage contour of the concrete slab using the vibration speaker.

Preliminary Study on the Hilbert Marginal Spectrum Method
As shown in Fig. 29, the Hilbert spectrum offers a measure of amplitude contribution (energy)
from each frequency and time. In order to focus on the contribution of each frequency band,
further analysis has been conducted to generate Hilbert Marginal Spectrum (HMS) by cumulating
the signal amplitude over the entire time span.
The HMS analysis was conducted on a small sample of impact sounding data collected using a
wireball as shown in Fig. 32. The testing slab was also tested using the hammer sounding and
chirp sounding techniques as presented earlier. In Fig. 32a, seven patches of the slab were tested
and marked different defect conditions. It should be noted that one solid patch near the deep
delamination area was not tested due to the presence of a severe crack. Similar to the hammer
sounding, the wireball shown in Fig. 32b and Fig. 32c was used to hit the slab and the vibration
of the slab was collected by a vocal microphone covered with a foam cup to reduce the
surrounding noise in the collected sounding data.
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Fig. 32. Wire ball data collection setup.

Fig. 33. Time history of wire ball: (a) shallow delamination; (b) solid area.

Fig. 33 shows an example of the time history of sounding data collected from shallow
delamination area and the solid area. A window of one second duration for the time history of
the signals with a sampling rate of 441,000 Hz was considered in analysis to capture the response
without interference from other signals.
Similar to hammer sounding, Fig. 34 shows the PSD results of the wireball sounding data collected
from shallow delamination and the solid areas. In Fig. 34a, most of the signal from shallow
delamination was located in the low-frequency band of 0-5 kHz, while the solid signal in Fig. 34b
had multiple peaks in a frequency range of 0-8 kHz.
Fig. 35 shows the HMS results of IMF1 for shallow delamination and solid patches. In Fig. 35a, the
frequency distribution of shallow delamination data is found to be more concentrated in the
range of interest, 2-4 kHz, than the PSD results shown in Fig. 34a. In Fig. 35b, the solid data
showed a clear peak at the 6 kHz, which is related to the vibration mode of the solid slab, while
the PSD data in Fig. 34b showed multiple peaks in a wide range of 0-8 kHz. Based on the
comparison between Fig. 34 and Fig. 35, the difference between shallow delamination and solid
areas in terms of the fundamental frequency is better presented in the HMS than that from PSD
analysis. Moreover, Fig. 36 shows the classification results of the wireball data based on the
dominant frequency analysis by PSD and HMS. It can be seen from Fig. 36 that the defect cases
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are better separated based on HMS analysis than that from PSD analysis. Based on the PSD results
in Fig. 36a, the dominant frequencies of several solid signals are smaller than the shallow
delamination signals, which may result in inaccurate detections. However, in Fig. 36b, the HMS
results show that the dominant frequency of the sounding signal increased from 2.7 kHz to 8.0
kHz as the defects become less severe, from shallow delamination to solid. Based on the HMS
analysis in Fig. 36b, the defects of shallow delamination, honeycomb, and void can be well
detected with a frequency range of 2.0-5.5 kHz, and all the solid cases were located between 5.5
kHz to 8.0 kHz. It should be noted that the deep delamination data showed a high fundamental
frequency of 9.3 kHz, which is a different mode of vibration (thickness mode) than that of nearsurface defects, similar to shallow delamination. The frequency of thickness mode of deep
delamination is typically higher than the solid slabs in the impact-echo data analysis.

Fig. 34. PSD data of wire ball: (a) shallow delamination; (b) solid area.

Fig. 35. HMS data of wire ball with 100 Hz frequency resolution (IMF1): (a) shallow delamination; (b)
solid area.
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Fig. 36. Classification of 7 patches using the dominant frequency of IMF1 from: (a) PSD analysis; (b)
HMS analysis.

Fig. 37 shows the HMS results of the original wireball sounding data from the shallow
delamination and solid patches. Since a finer resolution was used, 5 Hz, the frequency spectrum
in Fig. 37 appeared to be denser than that in Fig. 35 with a frequency resolution of 100 Hz. By
comparing the PSD results in Fig. 34 and HMS results in Fig. 37, the HMS results presented a
clearer pattern of the energy distribution in the frequency domain than those from the PSD
analysis, especially for the solid data. In Fig. 37, the patterns of the frequency distribution of both
shallow delamination data and solid area are close to a triangle shape with varying skewness. For
example, the shallow delamination data showed a more slender shape than rm the data from
the solid area. Based on the observation in Fig. 37, the skewness of the HMS from different areas
were measured using the fourth statistical moment, i.e., kurtosis, and the extracted feature was
used for damage detections. Kurtosis is a measure of the tailedness of the distribution curve. A
high value of kurtosis represents heavy tails or outliers. Solid regions have a frequency spectrum
widely spread at higher frequencies, whereas defect regions show vibration at limited bands at
lower frequencies. Fig. 38 shows the kurtosis results for each of the wireball sounding data,
where the defect areas were well separated from the solid cases, with a kurtosis value less than
0.5 for defect areas.
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Fig. 37. HMS data of wire ball with 5 Hz frequency resolution: (a) shallow delamination; (b) solid area.

Based on the impact sounding data analysis, the developed HMS method showed increased
robustness and higher reliability in detecting damages of concrete structures than that from the
traditional PSD analysis. The extracted features of dominant frequency and kurtosis from HMS
can be used as a powerful tool for autonomous assessment of the structural conditions.

Fig. 38. Classification of 7 patches using the Kurtosis feature from HMS analysis.
4. FINDINGS

Based on the laboratory testing and field testing on the concrete slabs, several key findings can
be drawn as follows:





The hammer sounding data collected from concrete structures are usually noisy in nature,
which is mainly due to the rough surface of the structure and traffic noises.
The principal component analysis (PCA) and support vector machines (SVM) can be used
to classify the defect sounding signals and the solid signals based on their PSD vectors.
However, the classification results may be easily disturbed by the noise in the sounding
data.
The empirical mode decomposition (EMD) method can serve as a powerful filtering
method to remove the unwanted noises from the collected impact sounding data. The
EMD method is adaptive and the filtering process (decomposition) is performed based on
the physical meaning of the signals, such as the vibration mode of the slab.
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Besides the hammerhead, the vibration of other components of the impactor, such as
hammer handles, may also affect the detection results of impact sounding. The impactor
should have good dampen to reduce the unwanted vibrations from the system and collect
more sounding waves from the detected structures.
Electronic sounding devices, such as vibration speakers, can also be used as a convenient
tool to perform the defect detection of concrete structures. After performing crosscorrelation, the electronic signals had a similar waveform as the hammer sounding and,
more importantly, a similar level of accuracy for defect detection can be achieved as that
from hammer sounding analysis.
Compared with the traditional PSD method, the proposed Hilbert Marginal Spectrum
(HMS) method can extract better features from the impact sounding signals collected
from shallow delamination and solid areas. The combination of HMS and developed
classification algorithms, such as SVM, may significantly improve the accuracy and
reliability for the defect detection and diagnosis of concrete structures.

5. CONCLUSIONS

In this study, advanced data analysis algorithms are developed for delamination detection in
concrete slabs using impact sounding data. The empirical mode decomposition (EMD) method is
developed as an adaptive filter to remove the noise from the hammer sounding signal. The first
intrinsic mode function (IMF) has been found to be the useful sounding signals and other IMFs
are the noises, such as the friction between the hammer and the deck surface. The developed
power spectrum density (PSD) method and Hilbert spectrum are used to extract features from
the filtered sounding data in both frequency and time domains. Both laboratory and field tests
have been carried out to detect defects in concrete slabs using the developed data analysis
methods. Based on the testing results, the defects in the concrete slabs have been well detected
based on the features of PSD distribution of the filtered hammer sounding data. During the
testing, majority of the sounding signals have been found to be the flexural modes of the slab or
defects. Further work should be carried out to study the thickness mode of the slab, similar to
impact-echo, by using different sounding sources, such as hammers with different sizes and
electronic sounding. Preliminary studies on chirp sounding showed that similar damage detection
results can be achieved as that from traditional hammer sounding techniques. Also, the
developed Hilbert marginal spectrum method was found to be able to provide more robust
detection results than that from PSD, especially when the sounding data are noisy.
6. RECOMMENDATIONS DEVELOPED AS A RESULT OF THE PROJECT

To further improve the accuracy and convenience of impact sounding for damage detection in
concrete structures, several recommendations are provided as follows:
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For automated defect detection using impact sounding, empirical mode decomposition
(EMD) should be used to filter out the noise from the sounding signals. The decomposed
signals from the EMD method (IMFs) are related to the vibration mode of the detected
structures and the vibration of the impactors or robots. Detailed analysis should be
carried out on the EMD signals to ensure an adaptive and physics-based filtering process.
The mechanical impactor system installed on the crawler or any other robotic platforms
should be designed with good dampen characteristics to avoid the vibration of the system
interfering with the collected sounding data. Additionally, acoustic shielding should be
provided for the microphone, such as a foam cup with absorptive materials inside.
Loud and high directional electronic sounding devices can be used as a more controllable
and convenient way to detect damage areas in concrete structures, especially for shallow
delamination. This type of device could also be installed in the autonomous robotic
systems for automated defect detection. Good coupling between the sounding device
and the structure surface could increase the accuracy of the defect detection.
The developed Hilbert Marginal Spectrum (HMS) methods can be used with the
traditional PSD method to analyze the sounding data generated by the mechanical
impactor or the electronic-sounding systems. The combination of the developed
advanced data analysis approaches, such as PCA, EMD, HMS, and SVM, should be able to
provide a robust defect detection platform with high reliability.
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